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❖ H e t e r o g e n e i t y  a n d  i r r e g u l a r i t y

❖ I n f o r m a t i o n  i n c o n s i s t e n c y  

❖ E x t r e m e l y  l a r g e  a n d   h i g h l y - v a r i a b l e  d i m e n s i o n s

Objectives

Modeling time series with

PIETS has Three Main Components

Method
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Extract inner relations in each data 
source as well as relations among 
different data sources.

Effectively combine the datasets 
and learn the importance of each 
feature set.
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Doesn’t require adding or 
deleting from the dataset.

Encode time-series from 
multi-source data sets.
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5 data domains - 5 US states 
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Experiments

Tested on COVID-19 outbreak 
Up-to. 80% Faster Loss Convergence
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+23.4% Less MSE Error Compared to state-of-the art models 

Results
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